Abstract-Individuated finger and wrist movements can be decoded using random subpopulations of neurons that are widely distributed in the primary motor (M1) hand area. This work investigates 1) whether it is possible to decode dexterous finger movements using spatially-constrained volumes of neurons as typically recorded from a microelectrode array; and 2) whether decoding accuracy differs due to the configuration or location of the array within the M1 hand area. Single-unit activities were sequentially recorded from task-related neurons in two rhesus monkeys as they performed individuated movements of the fingers and the wrist. Simultaneous neuronal ensembles were simulated by constraining these activities to the recording field dimensions of conventional microelectrode array architectures. Artificial neural network (ANN) based filters were able to decode individuated finger movements with greater than 90% accuracy for the majority of movement types, using as few as 20 neurons from these ensemble activities. Furthermore, for the large majority of cases there were no significant differences ( 0 01) in decoding accuracy as a function of the location of the recording volume. The results suggest that a brain-machine interface (BMI) for dexterous control of individuated fingers and the wrist can be implemented using microelectrode arrays placed broadly in the M1 hand area.
I. INTRODUCTION
real-time to actuate external devices. One of the emerging applications of BMIs is for the control of prosthetic limbs. Trained monkeys have been able to control basic limb functions such as reach, grasp, and 3-D trajectories of robotic and prosthetic devices using their neural signals [2] , [3] . However, to mimic the full range of natural limb motions, including movements of individual fingers, BMIs for multichannel dexterous control need to be developed.
In order to develop a BMI for control of individual finger and wrist movements, one needs to determine the nature of the control signal; more specifically, the exact site for deriving such signals and also the appropriate schemes for real-time decoding. The primary motor (M1) hand area seems to be an ideal candidate for such an implantation, since previous work using sequentially recorded single-unit activities from this region has demonstrated the existence of task-related neurons [5] , [6] . It has also been shown that individuated finger and wrist movements can be decoded using random subpopulations of neurons widely distributed within this region [7] - [9] . However, it is unclear if it would be possible to decode these movements using ensembles of neurons that are spatially-constrained to volumes typically recorded using implanted microelectrode arrays.
The M1 hand area has been long shown to have functional subdivisions in nonhuman primates [10] and humans [11] , with the individual fingers and wrist representations arranged in a lateral to medial fashion over an approximate area of 36 mm [12] . This raises practical difficulties when attempting to record from a single microelectrode array in this region to decode movements related to all the fingers and the wrist. For example, the commonly used Utah Electrode Array [13] , which has a footprint of 4 4 mm , would only cover a fraction of the M1 hand area.
Recent empirical evidence, however, has shown that the demarcation of individual subregions within the M1 hand area is not as rigid as was previously believed [14] - [17] . This suggests that decoding of all movement types may in fact be possible using a subpopulation of neurons in this region. However, there remains the possibility that, depending on the specific site of implantation, a subset of finger movements may have a negative bias in decoding accuracy or, worse still, not be decodable at all. Therefore, decoding all finger movements with high accuracy may necessitate implanting multiple microelectrode arrays, or a single wide-area electrode array, to adequately cover the M1 hand area.
The other important issue that needs to be investigated is the number of neurons required to decode dexterous movements with high accuracy, and whether this number fluctuates based on the placement of the microelectrode array within the M1 hand area. For example, an implant in the "thumb area" might require fewer neurons to decode thumb movement, and might not have sufficient information to decode wrist movements (the corresponding area for which lies at the opposite end of the M1 hand area). These issues have practical implications on the feasibility of a BMI for dexterous neuroprosthetic control.
In this study, we address two questions: 1) whether confined volumes of neurons from the M1 hand area are sufficient to decode individuated movements of all the fingers and the wrist, and 2) whether any decoding biases are introduced due to the site of implantation of a microelectrode array within this region. Single-unit activities from task-related neurons in the M1 hand area of two trained rhesus monkeys were constrained to contiguous volumes of interest, dubbed voxels, which corresponded to dimensions of the recording fields of commonly used multichannel microelectrode arrays. The neuronal ensemble activities from these voxels were then used to asynchronously decode individuated finger and wrist movements, which mimics the operation of a self-cued BMI. Statistical inferences were made about the nature of differences between voxel locations and configurations.
II. METHODS

A. Experimental Protocol
This work uses data collected from two male rhesus (Macaca mulatta) monkeys -C and K -that have been the subject of previous studies [8] , [17] . The methods used to train the monkeys and the actual experimental protocols have been described in detail in these studies, and are summarized here briefly. The experiments complied with USPHS policy on Humane Care and Use of laboratory animals, and were approved by the institutional Animal Care and Use Committee.
Each monkey was trained to perform visually-cued individuated finger and wrist movements using a pistol-grip manipulandum that separated each finger into a different slot. The monkey was instructed to flex or extend a single digit until a microswitch was closed. A total of 12 distinct movements were performed-flexion and extension of the right five fingers and wrist.
Single-unit activities were recorded from 312 task-related neurons in M1 for monkey C and 115 task-related neurons for monkey K. The depth of the recording sites from the cortical surface ranged between 250 m and 7 mm for both monkeys.
B. Virtual Microelectrode Arrays
Virtual neuronal ensembles were created from the single-unit recordings by spatially constraining the neurons to contiguous volumes of interest, or voxels, in the M1 hand area. Temporally, simultaneous multiunit activity was simulated by event-locking each trial to the time of switch closure. This is summarized in Fig. 1 , which shows the approximate location of the M1 hand area in a rhesus monkey [ Fig. 1(a) ] and the recording space for monkeys C [ Fig. 1(b) ] and monkey K [ Fig. 1(c) ], respectively. Four different voxel configurations were investigated, which correspond to the typical recording fields of commonly used microelectrode arrays [ Fig. 1 
Schematics of the different microelectrode array architectures used in this study are illustrated in Fig. 2 . One of the earliest microelectrode arrays developed is the Utah Electrode Array [ Fig. 2(a) ] [13] . The electrodes are configured in a 10 10 array, with an inter-shank distance of 400 m and surface footprint of 16 mm . Each electrode has one recording site per shank and a 125 m recording radius, which leads to an approximate recording volume of 4 mm . With shank lengths of 1.5 mm, the Utah array allows recordings exclusively from neurons that are relatively close to the cortical surface. However, since the recording depths for the two monkeys range between 250 m and 7 mm, it was necessary to modify the recording field of the Utah array by increasing the shank lengths [ Fig. 2(d) ]. This is in accordance with the Utah group's intentions to increase the shank length to at least 3 mm [18] .
Two additional probes are under development at the University of Michigan [19] , [20] and the California Institute of Technology [21] . Each probe design has shank lengths up to Each voxel configuration, corresponding to different arrays, were placed at five distinct locations within the recording space. Different subpopulations of neurons from within these voxels were randomly selected to mimic the reality of recording from actual electrode arrays placed in the target area.
C. Asynchronous Decoding of Movements
Nonlinear decoding filters were designed using multilayer, feedforward artificial neural networks (ANNs). Unlike previous studies [9] , [23] that have focused on decoding finger movements in a synchronous fashion using a priori knowledge of the movement events, a novel hierarchical classification scheme was used for asynchronous decoding where cues indicating the onset of movement are not known. This algorithm, which decodes both the onset of movement and movement type, was described in detail in [7] , [8] and is outlined here briefly.
First, a Gating Classifier was designed as a committee of neural networks, and trained to distinguish baseline activity from the onset of movement. Each ANN in the committee was trained using the neuronal firing rate over a 100 ms temporal window shifting every 20 ms, and assigned a fuzzy output label, , at discrete times , that described the temporal evolution of spiking activity and onset of movement. The output of each individual gating network, , was thresholded at to produce a discrete binary variable,
, where an output of 0 corresponded to rest and 1 corresponded to movement. A majority voting rule was used to determine the committee output, and additional threshold parameters and were optimized to eliminate spurious gating classifications and maximize classifier accuracy. The final classifier output, , was
where (2) Next, a Movement Classifier was designed as a committee of neural networks, and trained to distinguish amongst each movement type. Each ANN was trained using the neuronal firing rate during the 100-ms window preceding switch closure, and assigned a binary output label for each movement type, at discrete times . For the th movement type, the th output neuron was assigned an output of 1 during this window and all other neurons were assigned an output of 0. The output of each individual movement network, , was selected to produce , based on the output neuron that had the greatest output activity. A majority voting rule was then used to determine the final committee output of the movement classifier,
where and the function outputs the most frequent value assumed by . The final decoded output, , was obtained from the product of the output of the two committee networks (4) All ANNs were designed with a single hidden layer with tan sigmoidal transfer functions, and a single output layer with log sigmoidal transfer functions. Each neural network in the committee was trained using a variable number of hidden layer neurons, which were empirically optimized to range between 0.5-2.5 times the number of input neurons. Input space was decorrelated using principle component analysis (PCA). The neural networks were trained offline in MATLAB 7.4 (Mathworks Inc., Natick, MA) using the scaled conjugate gradient (SCG) algorithm, and early validation stop to improve generalization. Training, validation, and testing data were selected from mutually exclusive trials (50% used for training, 25% used for validation, and 25% used for testing). Each training, validation, or testing set was formed through a random combination of trials for each neuron. Separate decoding filters were designed for each neuronal subpopulation selected.
D. Statistics
Nonparametric tests were performed to test for differences in the median decoding accuracies of neuronal populations from different voxels. Voxel placement in the M1 hand area was treated as the primary random effect, and the following null hypotheses were tested:
1) The median overall decoding accuracy was independent of voxel placement. 2) The median decoding accuracies for movements of each of the individual fingers (1-5) and the wrist (W) were not biased by voxel placement. The following additional hypothesis was tested for monkey C.
3) The median overall decoding accuracy was independent of the dimensions of the recording volume. When these null hypotheses were rejected, post hoc tests were performed to identify the pair-wise differences.
III. RESULTS
For each voxel configuration, asynchronous decoding accuracy was evaluated for neuronal ensembles from five voxels placed in varying locations, parallel to the central sulcus, in the M1 hand area. In order to determine the effects of voxel location on decoding accuracy, and minimize the overlap of neuronal subpopulations, voxels were chosen to be maximally separated (in Euclidean distance). Results were calculated for 100 trials per movement type (flexion and extension of each digit and the wrist), and the decoding accuracy was calculated for six random repetitions of any given number of neurons. The overall asynchronous decoding accuracies for both monkeys are summarized in Fig. 3 . Table I shows the average accuracies and standard errors for 20 and 25 neurons. As can be seen, the average decoding accuracy across the 12 movements was approximately greater than 80% with as few as 25 neurons in monkey C and greater than 85% with as few as 20 neurons in monkey K, irrespective of the voxel configuration and placement. The asynchronous decoding accuracies for both monkeys across each movement type are depicted in Fig. 4 . For the majority of movement types, decoding accuracy was greater than 90% using as few as 20 neurons. The following sections describe the statistical differences in decoding accuracies between the different voxel configurations and their location across the M1 hand area.
A. Differences in Overall Decoding Accuracy Due to Voxel Location
Kruskal-Wallis tests were conducted to test the hypothesis that the median overall decoding accuracies were not significantly different due to differences in voxel location within the M1 hand area. This was repeated for the four voxel configurations (as described previously) and for different sizes of neuronal subpopulations sampled from them. Each voxel configuration was placed in five different locations, with six random samples for each neuronal subpopulation. The -values are reported in Table II . Note that for the large majority of cases, no significant differences were detected in the overall decoding accuracies due to voxel placements.
B. Biases in Decoding Accuracies of Movements of the Fingers and Wrist due to Voxel Location
Kruskal-Wallis tests were conducted to test the hypothesis that the median decoding accuracies for movements of each of the individual fingers and the wrist were not significantly biased due to differences in voxel location. Flexions and extensions were combined to form a single group for each finger (1-5) and the wrist (W). This was repeated for the different sizes of neuronal subpopulations sampled from each voxel. The tests were performed for each voxel configuration for both monkeys. Fig. 4 highlights the significant pair-wise differences (TukeyKramer method) between different voxel locations with an asterisk. The -values for a sample number of neurons are reported in Table III (six samples for each of the five voxel placements). Note that for a large majority of cases, no significant differences were found in the decoding accuracies of any given finger or the wrist due to voxel location.
C. Differences in Decoding Accuracy due to the Dimensions of the Recording Volume
This analysis could only be performed for monkey C, since the distribution of the neurons recorded from monkey K did not allow for the simulation of voxel configurations enclosing smaller volumes. Friedman's two-way analysis of variance (ANOVA) was performed to test the hypothesis that the median overall decoding accuracies were not different due to the dimensions of the recording volume. The three different voxel configurations were taken as the primary treatment effect, and the number of sampled neurons was the second treatment effect. Due to the low decoding accuracies and high variability associated with lesser number of neurons, the second treatment effect (number of neurons) was restricted to neuron populations that had a decoding accuracy of at least 60% (i.e.,
). Significant differences were present between the median ranks of the groups. Post hoc tests revealed that the modified Utah probe configuration has had a lower decoding accuracy than the Caltech probe and Michigan array configurations, but significantly so only with the Caltech probe.
IV. DISCUSSION
This work shows that activity from confined volumes of neurons in the M1 hand area contains sufficient information for asynchronous decoding of individuated movements of the fingers and wrist. The fact that these neuronal populations were constrained to voxels designed in accordance with the recording field characteristics of common microelectrode arrays, suggests that this decoding is possible using the current generation of intracortical recording hardware. Furthermore, the voxels were randomly placed within the M1 hand area and therefore offer the possibility of successful decoding, irrespective of recording location.
A. Differences With Simultaneous Recordings
It should be noted that the data used for this study was generated using sequentially recorded single-unit activities from taskrelated neurons. These neurons were typically selected based on high firing rates, and possibly contain more information than those that would have been recorded using implanted microelectrode arrays. Additionally, factors such as correlations between neurons could affect the decoding performance favorably or unfavorably depending upon the patterns recorded [24] , [25] . Recent comparative studies have shown that the effect of these correlations is negligible when recording from a few neurons, but can be significant when recording from a population of 1000 neurons or more [26] .
When using implanted microelectrode arrays, one also does not have the luxury of recording exclusively from task-related neurons. This results in only a fraction of the recorded neurons being related to the movements that are being decoded. Leading groups developing microelectrode arrays have conducted studies to estimate the number of units recorded by such arrays, and the number of task-related neurons as a fraction of that population. In a long term study, the Utah array has been reported to record activity from an average of 1.3 units per recording site [27] . With 100 recording sites, this results in activity from an average of 130 neurons being recorded simultaneously. Furthermore, for neuromotor prosthetic applications using the Utah array, it has been shown that approximately 66% of this recorded population was task-related. Similar results have been reported for the Michigan arrays where activity was recorded from an average of 0.7 units per recording site [19] , [28] , and where more than 50% of the neurons were reported as being task-related for a specific motor task [29] .
These reports suggest that a Michigan array or Utah array (of appropriate depth) with around 100 recording sites would pick up activity from at least 30-40 task-related neurons (by con- servative estimates). Since we are able to decode the majority of movement types with greater than 90% accuracy using as few as 20 neurons, this implies that the analysis presented in this work should carry over directly to future closed-loop BMI studies using microelectrode arrays.
B. Decoding Variability Within a Voxel
In situations where long-term recordings are made by an implanted microelectrode array, it is a common observation that the neuron population being recorded from is dynamic and could change between recording sessions or even within a given recording session [28] . Both scenarios would require a recalibration of the decoding algorithm. As shown in Table I , the fact that randomly-selected subpopulations of any given number of neurons within a voxel did not have marked variability in decoding accuracy, suggests that such a recalibration for this particular BMI application would indeed be possible.
C. Decoding Biases due to Voxel Location
Typically, arrays are implanted in an approximate region using anatomical landmarks and decoding algorithms are trained with whatever population of neurons that the array ends up recording from. In the presence of strong somatotopic organization, placement of an array could result in a decoding bias, against movements that are not represented at the site of implantation. Our results clearly show that for a large majority of cases, decoding accuracies for a given neuronal subpopulation are not significantly different as a function of voxel placement. This implies that it is possible to operate a BMI, for dexterous control of individual fingers, using a single microelectrode array placed anywhere in the broadly-defined M1 hand area, without encountering any movement-specific decoding bias.
D. Choosing an Appropriate Electrode Array Design
The M1 hand area lies buried, in large part, in the anterior bank of the central sulcus [12] . Due to the depth at which taskrelated neurons for finger movements are found, specialized array types with recording lengths of 4 mm or greater would be needed for reliable decoding [22] . Our results suggest that most of the currently available electrode arrays that can reach to such depths would suffice for the purpose of operating a neuroprosthetic for control of individual fingers. However, the overall decoding accuracy obtained using the modified Utah array seems to be lower than those arrays with a deeper 3-D span. We do not have an explanation for this observation, and it should be noted that this is only the case with a single monkey. Further investigation would be needed before making general inferences about the suitability of one type of array over another. With this particular dataset, however, we observe that microelectrode arrays that are able to record from deeper 3-D volumes result in a better decoding accuracy and may be better suited for this application.
E. Implications for Closed-Loop Control
Most current BMIs rely on operant conditioning, for successful operation, whereby, with training, users learn to continuously adapt their neural signals to achieve closed-loop control of the end effectors [30] . Therefore, it could be argued that decoding the native state of the neurons with very high accuracy is not as relevant. While this may be true for the first generation of BMIs, the focus on neurally-controlled prosthetic devices with multiple degrees of freedom has brought forth the need for "intuitive" neural control. During actual closed-loop experiments, some degree of operant conditioning will certainly occur; however, starting from a baseline that is close to the natural state of the neurons will make the operation of neuroprosthetic devices seem natural, without necessitating counter-intuitive mental strategies to actuate the desired end-effectors. The results of this study indicate that by using neuronal spike activities as typically recorded by microelectrode arrays, it is possible to decode the native intent of individual finger movements and wrist. This suggests that "natural" dexterous closed-loop control of multifingered hand prostheses is indeed feasible.
V. CONCLUSION
We have demonstrated that it is possible to decode individual finger and wrist movements from a confined volume of neurons in the M1 hand area typically with decoding accuracy of greater than 90% for the majority of movement types using as few as 20 neurons. Furthermore, the location of the sampled neurons within the M1 hand area did not significantly affect the decoding accuracy, which indicates that a BMI for control of individual fingers would be possible using microelectrode arrays placed anywhere within this cortical region. Ongoing work is directed towards recording simultaneous activity using microelectrode arrays, and subsequently training monkeys to operate a closedloop BMI for dexterous control of individual fingers and the wrist.
